Growing radiologic workload and shortage of medical experts worldwide often lead to delayed or even unreported examinations, which poses a risk for patients safety in case of unrecognized findings in chest radiographs (CXR).The aim was to evaluate, whether deep learning algorithms for an intelligent worklist prioritization might optimize the radiology workflow and can reduce report turnaround times (RTAT) for critical findings, instead of reporting according to the First-In-First-Out-Principle (FIFO). Furthermore, we investigated the problem of false negative prediction in the context of worklist prioritization.
Abstract
Growing radiologic workload and shortage of medical experts worldwide often lead to delayed or even unreported examinations, which poses a risk for patients safety in case of unrecognized findings in chest radiographs (CXR).The aim was to evaluate, whether deep learning algorithms for an intelligent worklist prioritization might optimize the radiology workflow and can reduce report turnaround times (RTAT) for critical findings, instead of reporting according to the First-In-First-Out-Principle (FIFO). Furthermore, we investigated the problem of false negative prediction in the context of worklist prioritization.
To assess the potential benefit of an intelligent worklist prioritization, three different workflow simulations based on our analysis were run and RTAT were compared: FIFO (non-prioritized), Prio1 (prioritized) and Prio2 (prioritized, with RTATmax.). Examination triage was performed by "ChestXCheck", a convolutional neural network, classifying eight different pathological findings ranked in descending order of urgency: pneumothorax, pleural effusion, infiltrate, congestion, atelectasis, cardiomegaly, mass and foreign object.
The average RTAT for all critical findings was significantly reduced by both Prio simulations compared to the FIFO simulation (e.g. pneumothorax: 32.1 min vs. 69.7 min; p < 0.0001), while the average RTAT for normal examinations increased at the same time (69.5 min vs. 90.0 min; p < 0.0001). Both effects were slightly lower at Prio2 than at Prio1, whereas the maximum RTAT at Prio1 was substantially higher for all classes, due to individual examinations rated false negative.
Our Prio2 simulation demonstrated that intelligent worklist prioritization by deep learning algorithms reduces average RTAT for critical findings in chest X-ray while maintaining a similar maximum RTAT as FIFO.
Introduction
Growing radiologic workload, shortage of medical experts and declining revenues often lead to potentially dangerous backlogs of unreported examinations, especially in publicly funded health care systems. With the increasing demand for radiological imaging, the continuous acceleration of image acquisition and the expansion of teleradiological care, radiologists are nowadays working under increasing pressure of time, which cannot be compensated by improving RIS-PACS integration or use of speech recognition software [1] .
However, late communication of critical findings to the referring physician bears the risk of delayed clinical intervention and impairs the outcome of medical treatment [2] [3] [4] , especially in cases that require immediate action, e.g. tension pneumothorax or misplaced catheters. Therefore, the Joint Commission defined timely reporting of critical diagnostic results as one important goal for patient's safety [5] .
Many institutions process their examination worklists still following the First-In-First-Out (FIFO) principle. The urgency information provided by the ordering physician is often incomplete or presented as ambiguous and ill-defined priority level, such as "critical", "ASAP" or "STAT" [6] . A recent study related to portable chest radiographs, reported that 38% of all STAT exams were not clinically urged [7] .
While rule-based approaches, that assign cases to specific worklists (e.g. ED or subspecialty), can help to optimize the overall workflow, they cant take imaging findings into account. The prioritization by the radiographers after the acquisition has not found any application in the clinical routine.
Deep Learning techniques such as Convolutional Neural Networks (CNN) offer promising options to facilitate the clinical workflow. Automated disease classification systems based on CNNs can enable a real-time prioritization of worklists and reduce the report turnaround time (RTAT) for critical findings by up to 60% demonstrated for head and neck CTs [8] . For most common conventional chest X-ray examinations (CXR) a potential benefit of realtime triaging by CNNs has been reported by Annarumma et al [9] , but this study focused mostly on the development of an AI system without a real clinical simulation and does not present maximum RTAT for critical findings.
In this work, we simulate multiple intelligent CXR worklist prioritization methods in a realistic clinical setting, using empirical data from the University Medical Center Hamburg-Eppendorf (UKE). The aim was to evaluate, whether deep learning algorithms for an intelligent worklist prioritization might optimize the radiology workflow by reducing RTAT for critical findings, instead of FIFO reporting. Furthermore, we investigated the problem of false negative prediction in the context of worklist prioritization.
Material & Methods

Convolutional Neural Network Architecture
Based on previous work [10, 11] we employ a tailored ResNet-50 architecture with a larger input size of 448 x 448, trained on the publicly available ChestX-ray14 dataset [12] . After replacing the last dense layer of the converged model, the network was fine-tuned on the publicly available Indiana dataset [13] , containing 3996 CXRs. All examinations were annotated by two expert radiologists from our department regarding eight different classes: pneumothorax, congestion, pleural effusion, infiltrate, atelectasis, cardiomegaly, mass, foreign object and "no pathological finding". For the annotation process, both, frontal and lateral views were employed, while only the frontal views were subject to the CNN-based classification.
Furthermore, the CXRs were preprocessed by two different methods before training (i.e. lung field segmentation and bone suppression), as shown in earlier experiments the highest average AUC value was achieved by combining both methods by ensembling [11] . Due to the importance of pneumothorax detection and the low number of cases with "pneumothorax" in our training dataset (n=11) a version of ResNet-50, trained specifically for the detection of pneumothorax, was employed in the following [14] . The final model "ChestXCheck" obtained the highest average AUC value ( Figure 1 ) in previous experiments compared to different network architectures. 
Pathology Triage
For triage, a ranking of the pathologies was defined by two experienced radiologists, reflecting the urgency for clinical action. As our annotations did not include different degrees of pathology manifestation, only the presence of a pathology was considered for the prioritization. Furthermore, the impact of different pathology combinations was not considered. The following eight different pathological findings are ranked in descending order of urgency: pneumothorax, pleural effusion, infiltrate, congestion, atelectasis, cardiomegaly, mass and foreign object. 
Workflow Simulation
To evaluate the clinical effect of a CXR worklist rearrangement by CNNs under realistic conditions, we analyzed the current workflow in the radiology department of the UKE and transferred this data into a computer simulation ( Figure 2 ). We designed a model consisting of four main parts. First, a discrete distribution of how often CXRs are generated. Secondly, the department specific disease prevalence for our eight findings to assign labels to the CXRs. Thirdly, the performance for all eight findings of a state-of-the-art CNN to classify each CXR. Fourthly, a second discrete distribution of how fast a radiologist finalizes a report for a CXR. By monitoring the CXR acquisition and reporting process during one week from Monday 00:00 AM until Sunday 00:00 PM (760 examinations in total), we were able to extract a discrete distribution of the acquisition and reporting times of subsequent CXRs to calculate the RTAT [15] . The department specific distribution of pathologies was analyzed by manually annotating all eight findings in 300 CXRs.
To simulate the clinical workload throughout the day, a model of a CXR machine was developed, constantly generating new examinations filling up a worklist. Generation time was sampled from the discrete distribution of our acquisition time analysis ( Figure 3 ), including all effects such as different patient frequency during day and night. Afterwards, pathologies were randomly assigned to the generated images, based on the a-priority probabilities derived from the disease prevalence at the UKE. Finally, a model of a radiologist was set up, simultaneously working through the worklist by reporting CXRs on the basis of the FIFO principle and with a speed matching our CXR reporting time analysis. We sampled the reporting speed from our discrete distribution ( Figure 4 ), that included not only the raw reporting speed for a CXR but also other factors including pauses or interruptions due to phone calls. This simulation model (FIFO), resembling the current clinical workflow, was compared to the prioritization model (Prio1), applying "ChestXCheck" to all CXRs before sorting the examinations into the worklist. By automatically predicting the presence of all eight pathological findings an urgency level could be assigned. Depending on the estimated level, the image was inserted into the existing worklist, taking prior images with a similar or higher level into account. The rearranged worklist was processed by the same radiologist model as in the FIFO simulation. In our evaluation, we compared the average and the maximum RTAT of both simulations.
Finally, we also employed a third scheduling model (Prio2) with a threshold for the maximum waiting time. While the previous strategy favors cases based on the CNN prediction, in rare situations, erroneous result could result in a significantly increased RTAT for studies with an undetected critical finding. Therefore, we developed an alternative method with a maximum wait time for each examination. After a maximum waiting time of 600 min based on the maximum at the FIFO simulation, the examination was assigned with the highest priority to reduce the problem caused by false negative predictions.
All methods were tested using a Monte-Carlo simulation over 10.000 days with 24 hours of clinical routine, covering the generation of about 1.000.000 CXRs. Furthermore, the worklist was completed at the end of the day in all simulation.
Results
Optimal operation point on the ROC-Curve
When employing AI multi-label classification, a threshold for every pathology must be defined in order to derive a binary classification from the continuous response of the system. This corresponds to the selection of an operation point on the ROC curve taking into account two factors. First, what is the best tradeoff between the true positive and false positive rate with respect to the RTAT. While an exhaustive valuation of different thresholds for all pathologies is computationally prohibitive, we focused on pneumothorax only (the most critical finding in our setting). Here, we estimated the RTAT for different operating points by sampling the ROC curve at different false positive rates. As shown in Figure 5 , higher false positive rated reduces the effect of intelligent worklist prioritization to almost zero i.e. almost all examinations are rate urged. While the other extreme (i.e. low false positive rate with low true positive), can have no effect either, if almost all image are rated non-urged. Secondly, the false negative rate, since sorting individual examinations with critical findings to the end of the worklist bears severe risks of delayed treatment.
We chose the optimal operation point on the AUC curve for all pathologies based on our results in Figure 5 . Hence, we set the false positive rate to 0.05 for all findings without a relevant increase in the average RTAT.
Pathology Distribution
The analysis of pathology distribution at the UKE was extracted by manually annotating 300 CXR reports from February 2019 by an expert radiologist. Due to a mainly stationary patient collective from a hospital of maximum care the portion of CXR without pathological findings was only 33%. The prevalence of the most critical finding "pneumothorax" was around 5%. Results are demonstrated in Table 1 .
CXR Generation and Reporting Time Analysis
We used a total of 760 examinations to determine a discrete distribution of CXR generation and radiologists reporting speed. For CXR generation speed, we used the creation timestamp of two consecutive CXRs to calculate the delta between their creation. The delta represents the acquisition rate of CXRs at the institution. We employed the same method for the reporting speed. Here we used the report finalization timestamp to determine the delta between two CXRs. Afterwards, we removed all deltas greater than 1h 30min, because we only want outliers in one of the two distributions. Figure 5 : Optimal operation point simulation for the "ChestXCheck" AI algorithm. To find the optimal operation point for reducing the average report turnaround times (RTAT) for critical findings, we run multiple simulation with different the false positive rates between zero and one. 
Report Turnaround Time Analysis
The average RTAT for a CXR, measured over one week (760 examinations), was 71 min with a range between 1 min and 316 min. Assuming that a CXR report by an experienced radiologist will only take several minutes, this range in reporting time can be explained by different external influences, such as night shifts, change of shifts, working breaks or backlogs. Figure 6 summarizes the effect of all three simulations (i.e. FIFO, Prio1, Prio2) on the RTAT. The average RTAT for critical findings was significantly reduced in the Prio1 simulation compared to the FIFO simulation e.g. pneumothorax: 32.1 min vs. 69.7 min, congestion: 44.2 min vs. 69.7 min, pleural effusion: 56.0 min vs. 69.7 min. As expected, an increase of average RTAT was only reported for normal examinations with a significant increase of the average RTAT from 69.5 min to 90.0 min. At the same time, however, the maximum RTAT in the Prio1 simulation increased compared to the FIFO simulation for all eight findings (e.g. pneumothorax: 11h 37 min vs. 14 h 55 min), as some examinations were predicted as false negative and sorted to the end of the worklist. In the Prio2 simulation, we countered this problem by a maximum waiting time and reduced the maximum RTAT for most findings (e.g. for pneumothorax from 14 h 55 min to 11h 34 min). While, the average RTAT was only slightly higher than the Prio1 simulation (e.g. pneumothorax: 32.7 min vs. 32.1 min). Finally, we also simulated the upper limit for an intelligent worklist prioritization by virtually employing a perfect classification algorithm (Perfect) with a sensitivity and specificity of one. Table 2 shows the comparison to the other three simulations. For pneumothorax, the Prio2 average RTAT is only 5.9 min slower comparted to the Perfect-simulation while FIFO is 42.9 min slower.
Workflow Simulations
Statistical Analysis
The predictive performance of the CNN was assessed by using the area under the receiver operating characteristic curve (AUC). The shown AUC results are averaged over a ten times re-sampling and presented with standard deviation (SD). We used the Welchs t-test for the significant assessment of our intelligent worklist prioritization. First, we simulated a null distribution for the RTAT where examinations are sorted by the FIFO principle (i.e. random order). Secondly, we also simulated an alternative distribution with worklist prioritization. Both distributions are then used to determine whether the average RTAT for each finding has changed significantly by calculating the pvalue with the Welch t-test. Each distribution is simulated with a sample size of 1.000.000 examinations and the significant level is set to 0.05. For all findings except "foreign object", we calculated a p < 0.0001. Hence, proofing a significant change in the average RTAT.
Discussion
Our clinical workflow simulations demonstrated that a significant reduction of average RTAT for critical findings in CXRs can be achieved by an intelligent worklist prioritization using a CNN. Furthermore, we showed that the problem of false negative predictions of an AI system can be significantly reduced by introducing a maximum waiting time. This was proven in a realistic clinical scenario, as all simulations were based on representative retrospective data from the university hospital. By extracting discrete distributions of CXR acquisition rate as well as radiologists reporting time, the temporal sequence of a working day could be recreated precisely.
As in other application areas, the question is what error rates we can ethically and legally tolerate before CNNs can be used in patient care. For intelligent worklist prioritization, we have shown that we can easily reduce the average RTAT at the expense of individual cases that are classified as false negative and therefore reported much later than the current FIFO principle. While it was questionable whether this overall improvement outweighed the individual cases, we have shown in our Prio2-simulation that the definition of a maximum waiting time, after which all examinations with the highest urgency are assigned, solves this problem. For the most critical finding (i.e. pneumothorax), the maximum RTAT was reduced to the current standard while preserving the significant reduction of the average RTAT.
The comparison in Table 2 shows that state-of-the-arte CNNs can almost reach the upper limit of an in intelligent worklist prioritization for the average RTAT. On the other hand, for the maximum RTAT, it reveals again the problem of false negative prediction. Ideally, a perfect classification algorithm could reduce the maximum RTAT to 222 min for pneumothorax. Which, is a substantial improvement over the standard maximum with 697 min.
Besides the possible improvement in diagnostic workflow by a CNN, it should be stated that only a timely and reliable communication of the discovered findings from the radiologist to the referring clinician ensures that patients receive the clinical treatment they need.
Unlike previous publications [7] we included in-as well as outpatients, as in the daily reporting routine at the university hospital all CXRs are sorted into one worklist. Furthermore, we observed substantially shorter backlogs of unreported examinations compared to published data from the United Kingdom.
In healthcare systems where patients and referring physicians are waiting for reports up to days or weeks or have limited access to expert radiologists at all, the benefit of a worklist prioritization could obviously be even greater than in countries with a well-developed health system. The longer reporting backlogs, the more likely it is that referring physicians will try to rule out critical findings in CXRs themselves. Nevertheless, subtle findings with potentially large clinical impact (e.g. pneumothorax) that postpone the discovery by a radiologist to an irresponsible period of time could be overlooked in this way.
One limitation of our study is that the Indiana dataset, which "ChestXCheck" was trained on, mainly included outpatients in contrast to the predominantly stationary patient collective of the hospital. Therefore, the performance of our algorithm, which was already strong compared to other publications [10] , could even be improved by collecting more specific training data for further studies. However, we note that the priority-based scheduling algorithm developed in this work is generic and can use any CNN that classifies X-ray pathologies. If the CNN classifier is improved, the scheduling algorithm will directly benefit from that.
In the future, we want to include more pathologies and different degrees of manifestation to further improve the gain of an intelligent worklist prioritization. While we only focused on the eight most common findings in a CXR at the university hospital and ranked them according, a large atelectasis for example can put patients health more at risk than a small pleural effusion.
Overall, the application of intelligent worklist prioritization by a CNN shows great potential to optimize clinical workflows and can significantly improve patient safety in the future. Our clinical workflow simulations suggested that triaging tools should be customized on the basis of local clinical circumstances and needs.
